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Abstract
Online patient reviews can offer a rich information source to users of healthcare
services, as well as for hospital management and quality monitoring. Whereas in
recent years the volume of online patient reviews has been consistently growing,
organizations still lack standardized approaches and tools to allow for the system-
atic monitoring of users’ online comments. Therefore, managers are lagging in the
ability to make use of such data from patients’ voices for improving the quality of
the services provided. If organizations fail to develop the right capabilities to con-
sider users’ online reviews and feedback, they risk not only to miss important
quality failure alerts, as wells as to frustrate their customers’ expectations for ser-
vice and attention. In this chapter, we present a qualitative analysis of patients’
reviews for healthcare services in Portugal, building on a sample of data extracted
from Google for the year of 2019. The chapter reports the major quality manage-
ment themes addressed by hospital users in their online expressions and offers some
guidelines to support a structured analysis and visualization of results from online
users’ word of mouth data.
Keywords: Online Ratings, electronic Word-of-Mouth, Quality management,
Hospital, Quality in Health, User Generated Content
1. Introduction
The Quality of Health Services influences the dynamics of Health Institutions
and determines the care provided to users, which are co-producers in a logic of
interactivity. The collection of citizens’ opinions about the Quality of Health Ser-
vices, allows for a subjective report distinct from other quality measures (e.g.,
quality indicators). It is usually carried out in a structured, offline, and conventional
way (e.g., satisfaction surveys) [1, 2], but globalization and the internet have
brought a novel feedback source called analysis of online comments and classifica-
tions (OCC) [3, 4].
OCC are considered a form of electronic-word-of-mouth as they capture the
essence of consumers’ direct sharing of experiences just as the traditional word-of-
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mouth. Word of mouth is one of the most pervasive forms of disseminating infor-
mation about customer experiences. As a form of interpersonal influence is
acknowledged as one of the more important drivers that influence customer pur-
chase decisions, notably when the services that are being evaluated for purchase
involve intangible attributes that cannot be experimented and assessed a priori.
Online media has created an enormous arena of opportunity for companies and
customers to share information. As such we have witnessed in recent years an
explosion of voluntary testimonials from customers about their service encounters
in a mode of expression that has been labeled as electronic word of mouth that are
usually shared together with service ratings and classifications. Altogether elec-
tronic word of mouth and customer ratings altogether designed as OCC, offer a rich
source of information for customer preservice evaluations. Moreover, they are also
an enormous source of data and insights to inform the quality management function
in the company. The remaining challenge is to devise structured methods to make
sense of all the available – often unstructured – information. OCC are being pro-
duced at increasing rates and provide a different understanding of user satisfaction
compared to traditional measures [5]. For many services, and particularly for the
context of the health sector, the current debate concerns how to make this infor-
mation relevant to support the decisions of users and hospital managers, notably by
allowing for the development of methods of analysis that help in the identification
of quality gaps [1, 2, 6, 7].
Studies have already been developed within the scope of OCC analysis in
other areas of the industry (e.g., research goods, restaurants, hotels), but transposing
these methodologies to health services is not straightforward. The investigations
carried out in this area are international and are directed only at the user’s decision
and do not explore methods that assist managers in the continuous improvement of
the quality of health services. Having such methods and tools available, health service
managers would have a better understanding of the quality of the service provided,
and thus have more informed decisions about how service quality can be improved.
Moreover, its existence in the Portuguese context is unknown.
This investigative gap, added by factors such as the increase in the volume of
this information and the apparent lack of structured methods or tools to systemat-
ically extract useful information, determined the development of this study and the
identification of the following general objectives: (1) to explore ways to analyze and
summarize large volumes of information available online generated by users in the
context of health; (2) to devise ways for summarizing information and to propose
methods to support the decision making of health institution’s managers.
The analysis was conducted using a mixed method approach that involves
bringing together qualitative and qualitative sources of data in a meaningful man-
ner. Research about the quality of services has been characterized by the prevalence
of quantitative approaches, building on data from questionnaires that aimed to
capture customer perceptions about the various service attributes. OCC put on the
table a mix of customer ratings and customer generated (narrative) content that
were addressed in this work: ratings attributed by service consumers were mixed
with qualitative analysis from the narrative content. The quantitative analysis, by
itself, was also made mixing well known computer algorithms with a thorough
manual content analysis. This chapter has five sections. The first section was the
introduction to the topic and elaborated on the motivation and relevance of the
topic; section two provides background and related work information; section three
explains how the sample data was specified and collected; the fourth section pre-
sents the data extraction results and respective analysis. The chapter ends in Section
5 offering some discussion and conclusions.
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2. Background and related work
In health, consumers do not have a passive role, but rather actors whose
opinion about service experience can be decisive to support the performance of
managers, notably for the continuous improvement of the service quality. It is
important to create mechanisms that facilitate users’ feedback, as it is difficult to
give a voice to the user, but even more difficult is to incorporate the voice of the
users in the decision-making processes of the management teams [8]. Thus, users’
OCC can be a vehicle that facilitates communication between users and health
institutions.
The concept of quality in health has evolved over time. Health services are
considered credible or high-risk services and have characteristics and particularities
that differentiate them from other services or products. They are considered het-
erogeneous, intangible and require a large citizen participation [5, 9–11]. It is not
generally possible to assess its quality before experiencing it, fand the possibility of
returns is also limited. It is only possible to correct surgical complications or reduce
consequences that can be harmful for the user himself (e.g., incapacity at work), for
the family and for society itself (e.g., increased health spending). The same does not
happen with research goods or products (e.g., purchase of a smartphone) or in
experience services (e.g., restaurant). In health services there is an information
asymmetry between the user and the superior care provider compared to other
services [11, 12].
Donabedian [13] proposed a model in which quality in health depends on inter-
ventions aimed at the three pillars: Structures of care provision, that is, attributes of
the environment such as material and human resources, facilities and organization;
Processes arising from the provision of care such as technical and interpersonal
skills of health professionals; Results, understood as the reflection of health care in
the user, which include rehabilitation and recovery of users, control of chronic
illness, change in behaviors and lifestyles, and satisfaction with the care provided
[14–16]. The Donabedian model is analogous to the division suggested by
Rothenfluh and Schulz [16], which categorizes health care into characteristics of a
research, experience, and credibility nature. For WHO, OECD &World Bank [17]
Quality in Health is a continuous and dynamic process where care is sought at the
right time, in a coordinated manner, responding to the needs and preferences of the
citizen, minimizing damage, and wasting resources, seeking to increase the proba-
bility desired health outcomes. It is a complex process [6] and its measurement is a
great challenge [16].
There are several models proposed for the evaluation of the quality of health
services, namely the theoretical model of Donabedian [13], the model of Grönroos
[18] and the model of Parasuraman [19–22]. The model by Grönroos and
Parasuraman et al. they were initially developed for most services, and the Grönroos
model is not as perfected as that of Parasuraman, whereas the Donabedian model
was developed specifically for health services.
The abandonment of the paternalistic and hierarchical health model and the
adoption of the model based on shared decision, fostered the centrality of the
citizen. The growing awareness of the citizen forced organizations to take an inter-
est and to promote Quality and continuous improvement policies in the pursuit of
organizational excellence [23]. Thus, users’ perceptions of service quality have
become a critical component for measuring the quality of health care and services
[24]. The authors describe two ways of assessing Quality in the health Services:
health outcomes or Quality indicators (Order No. 5739/2015, May 29) [25]; and user
experience assessment instruments [26], which subjectively reflect the quality of
3
Learning from Online Voices: A Mixed Methods Approach to Explore Patient Online Reviews…
DOI: http://dx.doi.org/10.5772/intechopen.97793
health care, in a unique and individual perspective, containing valuable information
on distinct aspects of services.
There are several ways to listen to the user, namely classic or conventional
methods and more recently, OCC have emerged. Classical methods are usually
constituted by a standardized set of questions about the care received from a
specific provider (health unit or professional), such as face-to-face, digitized or
telephone satisfaction surveys [27]. This form of feedback implies the non-
voluntary participation of the user, whose collaboration initiative comes from the
health institution, which also has the responsibility of selecting the questions,
mostly consisting of closed questions, and translating into a numerical result, as well
as it is also the institution that determines the frequency with which it is
applied [28].
OCC can represent a new way of assessing Quality in Health, understood as
positive, negative, or neutral online publications and reviews, carried out by real or
potential users, about a service or product [6]. They are an unsolicited way, there-
fore, voluntary for users to write opinions or perceptions about aspects related to
health services online. Usually, this information is not standardized [26] and can
only be translated into a punctuation (e.g., number of stars) and/or a free text, the
wording of which does not obey any prerequisite in terms of structuring [11, 27, 29].
The use of OCC has advantages compared to traditional measures, particularly:
websites are easy to access and use [1, 30] they are a form of information that
promotes transparency, since data are made available online and are accessible to
most people [28, 31]; they are a real-time barometer of public opinion, in a context
of rapid and constant change, and allow the identification of prominent issues
[11, 32]. They can be a substitute, instantaneous or almost in real time, for the
analysis of the users’ experience, with the possibility of using automated methodol-
ogies, which facilitate their analysis [31, 33, 34] and it is in this sense that the
present study will seek to make a major contribution; they offer a convenient, safe,
low-cost mechanism for organizations to hear users’ voices [31, 34], being an
important means of alarm to signal the deterioration in the quality of care [16] or,
on the other hand, to identify successful practices [31].
On the other hand, there are several limitations that are mentioned in the
literature to the use of OCC, which include: influence of other factors, in addition to
the quality of care; anonymity and vulnerability to fraud [7]; the risk of not being
representative of the general population [30, 31], noting that the literature refers
that they are the youngest female users, with a higher degree of academic training,
living in metropolitan areas [3, 35] and those who use health care (e.g. chronically
ill) most frequently write this information.
Although consumer opinion websites have been in existence for more than two
decades, the first study on health OCC was published in 2009 [36], and most studies
were published after 2010 [33]. Studies published before 2010 used content analysis
with small samples, whereas more recent studies recovered and studied a larger data
set using automated technologies [33].
Most of the studies turn out to be descriptive, where the numerical classifica-
tions are analyzed with the determination of their frequency. There are other
descriptive studies that analyze the narrative comments of OCC, understood as
content analysis. If at an early stage, they used traditional qualitative methods to
find the main categories of these comments [33], more recently used advanced
techniques, such as Natural Language Processing (NLP) (“natural language
processing”). They are, therefore, advanced analytical methods that allow the con-
tent analysis of thousands of narrative comments.
Research authors use diversified indicators to collect their data, such as the
number of stars [7], the number of words [37], gender [38] or the total score. The
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studies that carry out content analysis may suggest a great diversity of categories
within the scope of Quality in Health to group the collected data. It is also common
for authors to perform sentiment analysis [39] and to classify textual data according
to positive, negative, neutral and/or mixed perspectives.
OCC are increasingly important sources of information for making diverse types
of decisions [40]. Understanding and systematizing them is urgent and essential for
the citizen and the manager [2]. The following model (Figure 1) shows that a
systematic collection and analysis of this information by the Manager can feed and
have a direct impact on the continuous improvement of the Quality of Health
Services.
3. Sample definition and data collection
The main purpose of this work is to develop and discuss methods to process the
diverse and rich information that is available in the online platforms, and that is
offered predominately in an unstructured format. Despite the richness, diversity
and volume of this information, managers still lack structured approaches to deal
with such large volumes of data, and to make sense of it for supporting decisions
and initiatives for quality management. In this work we offer a contribution for the
advancement in the knowledge about how to extract and categorize existing online
customer generated content offering a structured approach to make sense of the
data. Specifically, the research work builds on prevalent service quality models, that
offer an established multidimensional approach that has validated over the year a
range of distinct service quality constructs (e.g. reliability, empathy, etc.) that
frame the domains of assessment that customers consider when evaluation service
experiences. The study builds on such service quality conceptualization to classify
the customer reviews content and develop summary metrics to inform quality
management though in the context of health services. The study offers a stepwise
view of the content analysis deriving highlights about critical aspects in the extrac-
tion of data, as well as in the process of cleaning the extracted data for the purpose
of delimiting a meaningful sample of customer comments. The advancements in
such data extraction and analysis are of critical importance, particularly for medium
sized organizations, who might lack the resources to devote specific capacity to
Figure 1.
Collection cycle and analysis of OCCs and their importance in the Manager’s intervention.
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make use of the available information. Moreover, as the pace of expansion of the
available customer content continues to accelerate, the need to deploy methods to
analyze content that are aligned with the prevalent quality models, that are embed-
ded in current managerial knowledge is an urgent matter.
An exploratory-descriptive, cross-sectional, and qualitative study was developed
using content analysis after selecting a rational and criterial non-probabilistic sam-
ple. It seeks to respond to the following specific objectives: to identify relevant
variables for the segmentation of content generated by users; identify relevant
indicators that allow monitoring the behavior of this information and signal the
moment when the manager must extract and analyze the content generated by the
users; and to identify categories that classify the content contained in the online
comments generated by citizens in the context of health, in line with the quality
models in health services.
The data was extracted from Google’s online platform and is freely accessible to
anyone. The choice of this platform is due to accessibility, reach and the fact that it
covers all services and national territory. Ethical considerations were safeguarded
since the data that could identify the population or sample studied were hidden and
submitted to codification, preserving anonymity and confidentiality.
The determination of the sample that was intended to be representative of the
comments, was a complex and time-consuming process associated with the disper-
sion and volume of information, as well as the diversity and form of organization of
the Portuguese Health Institutions, as shown in Table 1, implying continuous
methodological adjustments. It included two stages, namely the delimitation of the
Institutions to be included in the sampling process and the second stage, which
focused on extracting comments and selecting valid comments, that is, on deter-





Typology (portaria n° 82/
2014)
N° of Hs Total N° of OCC
I II III IV-a IV - b IV - c
EPE ULS 8 — — — — — 8 7735
CH 11 5 5 — — — 21
H 5 3 — — — 1 9
I — — — 3 — — 3
SPA ULS — — — — — — — 243
CH — — — — 1 1 2
H — — — — — — 2*
I — — — — — — 1*
PPP ULS — — — — — — — 888
CH — — — — — — —
H 3 — — — — — 3
I — — — — — — —
Total 27 8 5 3 1 2 49 8866
EPE: Entidades Públicas Empresariais (public business entity); SPA: Sociedade Pública Administrativa
(administrative public society); PPP: Parceria Público-Privada (public-private partnership).
*Entities not discriminated by portaria n° 82/2014 (10 abril).
Table 1.
Distribution of the number of OCC in the different hospital institutions.
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In the first stage, we applied preliminary delimitation criteria (typology of
Hospital Institutions (IH’s), total number of OCC and IH management models) and
all SPEs except Braga Hospital and group IV were selected. Of the initial 8866 OCC,
7188 OCC remained, so it was necessary to carry out an additional delimitation,
using the formation of clusters according to additional and previously defined
criteria (Type of HIs; Population covered (year 2018); No. of consultations (year
2018); number of urgencies (year 2018); number of surgeries (year 2018); total
number of OCC), to form homogeneous groups. In this sub step, 4 Type IHs (ULS
in the Northeast, the West CH, the Baixo Vouga, the ULS of the Alentejo Coast)
were selected; 1 Type IHs (CHU of the Algarve); 1 Typology III HIs (CHU S. João)
revealing a set of HIs that are representative of the country’s diversity and
accounted for a total of 1088 OCC.
In the second stage, the extraction of the OCC was done automatically, using the
research team’s software, to a database elaborated using Microsoft® Excel® Office
365MSO, which is organized based on previously defined indicators. The definition
of the indicators to be included in the study were based on two sources: indicators
used in previous investigations (narrative commentary, number of stars, gender,
number of words) [7, 38] and indicators defined in the scope of this study (date,
location, language, total score of the institution and number of Likes).
After a posterior extraction of 1179 OCC, which included the previous 1088 and
increased due to the dynamic character of these data and platforms, a preliminary
selection of comments was made eliminating obsolete data, specifically the 437 OCC
that did not present characters and the 150 irrelevant OCC (with meaningless
criticism or with a meaningless argument) (Table 2). Subsequently, for the 592
OCC included in the study, the units of analysis were defined, fragmenting the
comments into different thematic categories. The thematic categories resulted from
the joining of the perspective of two authors: the model of Parasuraman et al. [20]
and Gillespie and Reader [41]. This combination made it possible to define four
categories to be used in the present study: “Tangibility”, “Response Capacity”,
“Empathy” and “Reliability/Guarantee”. The models selected for the definition of
the categories to be used in the present study are Quality models, which, although
one of them is old, still presents current dimensions for the existing services,
namely in the scope of health services. Thus, in the 592 OCC selected, 898 sub-
comments were identified, which constituted the units of analysis of the present
study.
Total of extracted OCCs: 1179
Excluded Included
Typology/Cluster Hs No text Irrelevant Relevant After Categorization
I / 1 ULSN 21 4 15 24
I / 3 CHBV 73 20 99 111
I / 3 CHO 76 25 74 140
I / 4 ULSLA 23 9 19 36
II CHUA 104 35 219 339
III CHUSJ 140 57 166 248
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4. Results and analysis
The present study combined computerized automatic analysis with qualitative
techniques for the analysis of feelings and the categorization of comments in the
domains of Quality in Health. The relevant comments considered in the analysis
were categorized as shown in Table 2.
The comments were mostly written in Portuguese, but 15 other languages were
also found (e.g., Korean, Finnish, Slovak, Turkish, Indonesian, etc.). The transla-
tion was automatic, using Google translator, a methodological option justified by
the need to facilitate the replicability of the present study. The HIs with the highest
percentage (37%) of foreign comments was type II, possibly associated with the
tourist flow.
The OCC were performed mainly by men, except for the I/1 ULSN typology and
III CHSJ typology. The genre was obtained from the nickname associated with the
comment, but some publications were made by foreign citizens with characters
related to their language (e.g., Korean), which makes it impossible to automatically
classify them. The remaining results will be presented according to each of the three
specific objectives outlined previously in point 2.
The information contained in data was quite disorganized and unstructured,
which made it difficult or impossible to analyze. It was noticed that, similarly to
what happens in the platforms of other industries (e.g., TripAdvisor), its pre-
segmentation would facilitate the extraction and analysis of data, the specification
of which could be previously defined in pre-filled fields outlined in the online
writing platforms. Available to users using health services. The sentiment analysis
(negative, neutral, and positive) of the comment was obtained through a state-
of-the-art platform for content analysis in Portuguese called Linguakit [42]. A prior
automatic classification was carried out for each of the comments. However, the
automatic analysis of the feeling of the text, in the negative, neutral, and positive
categories, has not proved to be very robust because it often has wrong syntactic
constructions, resulting from the context of free and informal writing in which they
originate. This forced this automatic classification to be compared with a second
manual classification, to guarantee the reliability and validity of the results. In this
manual classification of feeling, a new dimension was introduced, called “mixed,”
when the comment refers to various aspects of Quality of Service or to several
episodes experienced in health care, where the positive and negative feeling coexist
simultaneously.
A comment was considered positive (when the editor mentions aspects of health
quality that made him happy or pleased with health care), negative (when the
editor mentions unpleasant aspects related to health services), neutral (when the
comment has neither a positive nor a negative feeling) and a mixed feeling (when in
the same comment the writer simultaneously mentions positive aspects, but also
negative experiences related to health care). Subsequently, the feeling and the
number of stars were related, where a negative feeling in the user’s textual account,
would demonstrate from the outset that he would be dissatisfied with his experi-
ence in health care and would score it with 1 or 2 stars, if the comment were neutral,
would give 3 stars and if it were positive, it would give the value of 4 or 5 stars.
In summary, from the results presented, it is concluded that, it is extremely
important that online publishing platforms find mechanisms that predispose the
user to explain the feeling affection to the report about their experience in health
care, since, this care prior facilitates the visualization, as well as the collection and
treatment of the data made available about the user’s opinion and therefore facili-
tates the management of information and the intervention of the manager, allowing
him to provide himself with easily accessible information that can be useful for the
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improving the performance of the health organization. Since, and as our results
demonstrate, treating and classifying a posteriori the feeling of a large volume of
data published by users about health services can be a challenging task, where there
is a considerable risk of bias in the data, in addition to predisposing to the use of
complex methods, supplementary surveillance, as well as spending unnecessary
resources and time. Therefore, the need to requalify the comments considered
neutral, reinforces that, in fact, it is necessary that the platforms specify fields that
fragment the information from the start so that it can be easily managed (Table 3).
These results add to the body of knowledge in service quality as well as to the
domain of information science, in particular for studies addressing electronic word
of mouth, and they bring forward specific challenges in the analysis of content and
advance highlights on how to design adequate platforms for the collection for
customer inputs in a manner that meets the requirements of subsequent phases, 
i.e. content analysis.
From the previous results, one of the difficulties that the manager may face
when dealing with this data is related to the question of the reliability of the
automatic analysis of the content. On the other hand, greater reliability will require
manual analysis, and this involves spending additional resources (e.g., time, human
resources) for management. The results of the present study suggest that instead of
an automatic classification followed by a manual classification, a viable alternative
would be to do an automatic analysis, to check the consistency between the number
of stars and the sentiment and finally, manually analyze those comments where the
sentiment is the inverse of the score. In other words, the alternative is to carry out
automatic classification first, and then, only in case of incongruities, a subsequent
manual classification.
4.1 Categories for the classification of content generated online by users, in line
with the principles of quality in health services
One of the purposes of the present investigation was to identify categories to
classify the online content generated by users. This was carried out in two ways:
automatic and manual analysis of feelings as developed in point I. and the categori-
zation of comments in the domains related to Quality in Health, previously defined:
Classification Feeling 1 star 2 stars 3 stars 4 stars 5 stars
Automatic Negative 49 3 0 3 3
Neutral 13 2 5 2 2
Positive 12 1 3 4 17
Manual Negative 68 6 2 1 1
Neutral 2 0 3 3 1
Mixed 2 0 3 0 1
Positive 2 0 0 5 19
Manual – Automatic Negative 19 3 2 2 -2
Neutral 11 2 2 1 1
Mixed 2 0 3 0 1
Positive 10 1 3 1 2
Table 3.
Process used to determine the differential between automatic classification and manual classification for type 1,
cluster 3 CHBV.
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“Tangibility”, “Response Capacity”, “Empathy” and “Reliability” /Guarantee”. For
this last categorization, an automatic classification was attempted, which proved to
be inefficient, due to the characteristics of the text, since it presented some pecu-
liarities, namely sarcasm, irony, spelling errors, acronyms, abbreviations, and
stories. Therefore, the author classified manually in the four categories and one of
the elements of the research team made an independent review, and in the case
of disagreement, the categorization was discussed and resolved between the two
elements.
4.1.1 Categorization of sentiment analysis
The results show that in relation to the sentiment, in the total of the 6 IHs it was
found that 65% of the comments were negative (383/592), 1% neutral (6/592), 8%
mixed (48/592) and 26% positive (155/592). In literature was found that there is no
consensus, and the present investigation is in line with the results found in the study
by Emmert et al. [39].
Emmert et al. [38] refer that 80% of all comments (average length of 45.3 words
42.8) were classified as positive, 4% as neutral and 16% as negative. And that
longer narrative comments were more likely to be negative, while shorter com-
ments were more likely to be positive. When an association was made between the
sentiment and the size of the OCC (measured by automatically counting the num-
ber of words in each comment) it was found that the average dimension (in number
of words) of the positive comments (43.98 words) differs from the negative ones
(61.69 words) for the analyzed sample (t test, Sig. 0.000). Thus, we verified
through the t test that the negative comments were longer than the positive ones, in
accordance with the literature and similarly to the results obtained in the studies by
Rastegar-Mojarad, et al. [37] and Emmert et al. [39]. Information-rich analyzes tend
to be longer, with a consequent increase in utility for readers [43] and even though
longer narratives were more likely to be negative [28]. In this way, it is understood
that the longer comments say more and tend to be mostly negative. Thus, the results
of the present investigation show that the manager must be aware of the behavior of
this indicator when analyzing online data.
It was also found that users put more likes in negative comments. The results
show that there are differences between the number of likes of positive comments
(average 0.95) and negative ones (average 1.41) (t test, Sig. 0.000). When the
association between sentiment and the average score in stars was made, it is not
possible to infer that the number of stars in the positive comments differed from the
negative ones (t-test, Sig. 0.144). In particular, the average number of stars for
positive comments was 4.60, for the sample analyzed, and the number of negative
comments was 1.31.
4.1.2 Rating of comments regarding the quality of health services
Understanding what topics are most often spoken by the user’s “voice” can help
caregivers, managers, and administrators of health institutions to improve the user-
centered health system. This type of content analysis provides the manager with
richer information that can support the development of improvement actions.
All sub comments were liable to be classified under an attribute of Quality in
Health, as can be seen in Table 4, with none remaining unclassified. But there is a
wide diversity of results, an irregular pattern that made it difficult to appreciate
and, therefore, the establishment of associations.
The most debated topics in users’ online newsrooms are about the “Response
Capacity” dimensions (for 3 of the HIs - I / 3 CHBV typology, I /3 CHO typology
10
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Tangibility Responsiveness Empathy Reliability/Warranty
Typology/Cluster IH n % Average PE n % Average PE n % Average PE n % Average PE
I / 1 ULSN 4 17% 3,0 6 25% 1,8 6 25% 2,3 8 33% 3,0
I / 3 CHBV 11 8% 1,8 60 43% 1,4 32 23% 2,4 37 26% 2,1
I / 3 CHO 20 18% 2,3 43 39% 1,9 26 23% 2,5 22 20% 2,8
I / 4 ULSLA 4 11% 1,8 8 22% 1,5 8 22% 2,6 16 44% 2,8
II CHUA 37 11% 2,2 112 33% 2,0 70 21% 3,0 120 35% 2,6
III CHUSJ 31 13% 3,2 102 41% 1,7 41 17% 2,7 74 30% 2,9
Subtitles: IH = Hospital; PE = Star Rating; n = total ORCs.
Table 4.























































and III CHUSJ typology) and “Reliability /guarantee” in the remaining 3 IHs
(typology I /1 ULSN, typology I/4 ULSLA and typology II CHUA). If, on the one
hand, the literature stresses that, the user may not have the competence or knowl-
edge capable of evaluating the technical or clinical aspects of care, that is, aspects
related to the “Reliability / Guarantee” dimension and that its evaluation may be
inaccurate [16, 21], on the other hand, in this study it appears to be an aspect in
which users focus their attention, as can be seen for the values related to the
dimension “Reliability/Guarantee”.
“Tangibility” was the least mentioned dimension for all the HIs in the studied
sample, being, therefore, the subject least mentioned by users (Table 4). It was
observed that the aspects of “Tangibility” are the least highlighted in the comments
available to all IHs by users, compared to the other dimensions of QeS, so that a
change in this proportion, that is, the increase in the percentage of tangible aspects
in view of the other domains, it could be an alarm signal that is the target of
investigation and intervention by the manager of the health organization. Thus, and
given the national context where most public health institutions were built several
years ago, resulting from the triggering of the NHS, and that the Portuguese histor-
ical and economic context, as well as the financial crisis that hit Europe and that had
repercussions in the divestment in the facilities and material resources of public
services, may be an explanatory factor for users to have tolerance regarding the
tangible aspects existing in the services of the HIs. Not least because, much of the
investment made in the health sector was directed to flagrant problems such as the
increase in the prevalence of chronic diseases resulting from the increase in average
life expectancy [44]. It is a fact that, it seems natural that users have elevated
expectations about the functioning of public health services, as these are financed
by their taxes, but their attention is focused on aspects related to “Capacity
response” and “Reliability/Guarantee” and not so much for the characteristics
related to the appearance of the facilities, professionals, and equipment. Health
services are a type of service that is not visible to everyone because they are
characterized by an asymmetry of information between the user and health pro-
fessionals [11]. In addition, these services are produced while they are consumed,
and therefore have an intangible and heterogeneous character [5, 10, 11].
The “Response Capacity” seems to be the dimension to which users are less
satisfied in this investigation since there is a lower average score value in stars for all
the target HIs studied. And there was no average score in the number of stars above
3.2, it appears that the degree of user satisfaction with the selected HIs will not be
high.
5. Conclusions and future work
The volume and diversity of information available online about health services
implies challenges in the analysis, scarce methods or tools that facilitate its use by
the manager in the continuous improvement of the Quality of Health Services.
Health systems must, increasingly, be attentive to the opinions of the users who are
the ones who experience the care, arranging economic tools that allow to listen to
their perception and to effectively profit from the preciousness of these data. Since
the standard tools for extracting and analyzing this information are not adapted to
the syntactic characteristics of users’ newsrooms.
The present study intended, on the one hand, to contribute to fill the investiga-
tive gap present in the national community, as well as to find effective and facili-
tating ways of making the most of these data, in a health system marked by the
scarcity of resources. This scarcity of resources ended up being exponentiated by
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the current context of the pandemic, and the real impact of the pandemic on the
health system, on public administration, on society in general and on each one of us
has yet to be investigated.
The study allowed the identification of relevant variables for segmenting the
content generated by users: hospital episode, editor, service, professional and the
feeling of the comment (e.g., positive, negative), as the results showed that the
automatic classification (positive/negative) differs significantly manual classifica-
tion, demonstrating the complexity of its a posteriori classification implying that it is
important not to compromise the voluntary character and the trust of the user. And
finally, it allowed to classify the content according to attributes of Quality in Health:
the comments were mostly negative (65%) and the average dimension of the posi-
tive ones (43.98) differs from the negative ones (61.69), resembling the results of
previous studies [38, 39]. There are significant differences between the number of
likes of positive (0.95) and negative (1.41) comments and the dimensions with the
most comments were “Responsiveness” and “Reliability/Guarantee;” the least
commented dimension was “Tangibility” for all HIs. Overall, one of the key contri-
butions of the study is to advance in the classification of available customer gener-
ated content in a manner that is aligned with prevalent service quality models, i.e.
establishing a correspondence between customer reviews and prevalent service
quality attributes. Such approach offers manager an expedite way to make sense of
the volumes of voluntary customer generated content, building on existing
approaches to display service quality data. A ability to develop capabilities to make
sense of the existing customer narratives is very important in a context where the
volume of available context grows every day, and the risks of obsolescence of such
knowledge are real. By using the service quality models as a steppingstone, this
study proposes an approach to foster the development of rapid content analysis
routines in service contexts. The methodology adopted in this study is replicable
and able to be extended to other domains of service management where the volume
of customer generated content is also gaining space, including hospitality services,
education, public services to name a few. By refining the classification grid with the
prevalent service quality attributes for each of these sectors, that are also already
explored in the literature, the process of data extraction and classification is of
straightforward application.
It is possible to identify some limitations in the present study, some of which
have already been described by other researchers, namely, the fact that it contem-
plates data from only one platform (Google) [43, 45], with the risk of non-
representativeness of the general population. Moreover, the study is focused on the
exploration of customer content for the specific domain of health services, therefore
leaving out particularities of other service sectors (e.g. hospitality, education, etc.).
Nevertheless, and as explained in the results section, the method applied can be
replicated in such sectors given that there is a necessary and preliminary revision
of the service attributes used for the classification of customer reviews and
content to match those that in the literature, have been identified as pertinent
for each case.
In terms of future research, the following fields of intervention are suggested:
development of software capable of processing and classifying data produced by
users, adapted to their style of writing; explore, develop and adapt methodologies to
other health institutions (e.g. health centers, long-term care units and private health
units); and elaborate a project applicable to hospital units, allowing the results of
the study to be transferred from the paper to measures and proposals for effective
and practical improvement in health institutions. As mentioned by Hong et al. [33]
the results of the investigations should go beyond simple descriptive analysis and
theory-based hypothesis testing to provide more clinical and political implications.
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